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REVIEW ARTICLE

The consumers’ response to product design: a narrative review 

Brahim Benaissa and Masakazu Kobayashi 

Department of Mechanical Systems Engineering, Design Engineering Lab, Toyota Technological Institute, Aichi, Japan    

ABSTRACT 
This paper reviews the research ideas around consumer response to product design. From the 
product side, we discuss the most significant design features preferred by average consumers, 
such as aesthetics and utility. And from the consumer side, we investigate the human factors 
influencing consumer perceptions. We present the main approaches used to measure the con
sumer response to product design and summarize the multiple biases that occur during the 
evaluation. Finally, we present in detail the most commonly used methods to analyze consumer 
response data and their roles in the design evaluation context.  

Practitioner Summary: To answer the question: What causes differences in design response? 
We summarise the research findings related to product design features and human factors. We 
highlight the biases that can emerge from the measurement approach. And discuss the most 
common analysis methods used for product design response information.   
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1. Introduction 

Consumers have access to a large variety of products 
in almost every market segment. In such intense com
petition, design has become a primary added value. 
And besides the product’s functional quality, modern 
companies must deliver designs that spark precise 
emotion from their customers. First, to communicate 
the quality of their products. And to fulfil their cus
tomer’s affective needs such as the feeling of safety, 
comfort and elegance. Such accurate design is chal
lenging because, on the other side, not all consumers 
respond in the same manner to a particular product 
design (Palmer, Schloss, and Sammartino 2013). 

Research suggested it may be profitable to design 
products that elicit ‘paradoxical emotions (Desmet 
2003)’. This argument is supported by the classic the
ory of human appreciation of aesthetics (Frijda 1986), 
as well as the recent aesthetic emotions studies 
(Menninghaus et al. 2019; Cheung et al. 2019; 
Fingerhut and Prinz 2020). Creating a precise product 
design that can spark such emotion while achieving 
the design goals, is a challenging task (van Ooijen 
et al. 2017; Parisi, Rognoli, and Sonneveld 2017; 
Ishihara et al. 2008; Kobayashi, Kinumura, and Higashi 
2016). Because it requires a profound understanding 

of the target customer and the possible co-occurrence 
of several different emotions (Zhou, Ji, and Jiao 2020). 
As well as consider the fact that we also react to prod
uct designs for their symbolic value (Candi et al. 2017). 
Feng et al. (2020) reviewed the latest research in data- 
driven product design and listed the first step, the 
analysis of customer design perception requirements. 

Product design theory has reached an advanced 
understanding (Chen 2019), as we found that we share 
basic aesthetic preferences (Van Geert and Wagemans 
2019), and developed consumer product design 
response theories that allowed further advancement 
(Fenko and van Rompay 2018). And allowed researchers 
to create several methods that measure the consumer’s 
response to product design and to connect design fea
tures to particular design response elements such as the 
perception of the robustness of elegance (Nagamachi 
2002; Barnes et al. 2008; Nagamachi and Lokman 2016). 
However, the design precision requires understanding 
the consumer response at the individual level. 

Several investigations have been made on customer 
profile factors (Bovea et al. 2018) and found that consum
ers from the same regions expressed similar perceptions 
of colour (Ou et al. 2004; Palmer and Schloss 2010). But in 
the case of product design variations, no correlation has 
been found between consumer profile and their 
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perceptions (Blijlevens, Creusen, and Schoormans 2009; 
Mata et al. 2017). In this review paper, we aim to summar
ise the latest understanding of the consumer’s response 
to product design and discuss the most important factors 
influencing the product design response both from the 
product side and the consumer side. And our latest under
standing is related to measuring consumer response. For 
the introduction of individual consumer response findings 
into precision consumer studies. 

2. Search method 

2.1. The search terms 

This review focuses on product design and the con
sumers’ product design response (PDR). We consider 
the definition of product design as the combination of 
properties that define its shape, its haptic sensory 
characteristics, and the properties that define its func
tional capabilities (Chen 2019). The ‘consumer’ is the 
person for whom the product is intended (Bloch 1995; 
Creusen 2011), it is also referred to in research as the 
‘customer’ or the ‘user’ (Kaulio 1998; Akman 2010). We 
focus on the consumer side and exclude PDR studies 
on the designer side. 

PDR is defined in this study as the generated sub
conscious reaction to a product design (Bloch 1995; 
Locher, Overbeeke, and Wensveen 2010). However, 
because this reaction is studied from various angles, it 
is referred to in research as ‘Emotion’, ‘Affect’, 
‘Perception’ and ‘Kansei’. We considered the various 
terms to cover this topic properly. Nonetheless, we 
use the term ‘PDR’ to englobe the different terms. The 
method of mixed studies review was employed when 
conducting the literature search. 

The basic human emotion theories suggest that 
they emerge from the combination of basic emotions. 
However, from the product design perspective, this 
model creates a limitation because it contains only 
one pleasant emotion, Joy, Simplifying all the pleasant 
variations of product impressions into one variable 
(Plutchik and Kellerman 2013). However, product 
evaluation studies do not favour such an emotional 
model for that reason, as it does not fairly represent 
intuitive product emotions (Desmet 2004). However, 
the term ‘Emotion’ appear in product design research 
to describe product-related emotions, outside the 
human emotion theory (Desmet 2004). 

The term ‘Affect’ is defined as the subconscious inter
pretation of emotions based on personal experiences 
(Shouse 2005). In product design studies, affect is con
sidered the compound of the person’s temperament, 
current mood and current emotion. It is used in product 

design studies to describe the consumers’ most abstract, 
positive or negative, responses to a product design 
(Lottridge, Chignell, and Jovicic 2011). 

The term ‘Kansei’. It is a Japanese word that is close 
in meaning to ‘Affect’, with an extra edge towards the 
interaction of a person with a product. Several 
attempts have been made to give it a definition, L�evy 
(2013) summarised these efforts. We mention two; the 
first came from an analysis of a set of definitions 
made by 60 researchers in Kansei engineering (KE) 
and resulted as ‘An internal process (a high function) 
of the brain, involved in the construction of intuitive 
reaction to external stimuli’. The second is a definition 
proposed by Nagamachi (2002) as ‘The individual’s 
subjective impression from a certain artefact, context, 
or situation using all the senses of sight, hearing, feel
ing, smell, taste as well as recognition’. 

The term ‘Perception’ is often used to refer to one 
particular aspect, such as luxury or novelty (Horn and 
Salvendy 2009). While the terms ‘Kansei’ and ‘Affect’ 
are used to describe the complete consumer PDR. 
They englobe multiple perceptions. Nonetheless, the 
term ‘Perception’ is sometimes employed synonym
ously with ‘Affect’ and ‘Kansei’. On the other hand, the 
term ‘Preference’ is used clearly in PDR studies to indi
cate the notion of choice based on design variations. 

2.2. Search screening 

The search is designed to capture studies that 
focussed on product design and the consumers’ PDR. 
We allowed aesthetic design response because there 
has been extensive research and theories on human 
factors in aesthetics that are referenced in prod
uct design. 

Table 1 lists the search strategy, and Table 2 lists 
the search exclusion criteria. Where the search num
bers 7, 8 and 9 are refinery searches to further 
explore details learned from the first 6 searches. 
Particularly to investigate the human factors of per
sonality and exposure, the measurement biases and 
the process of KE. We excluded studies that fit the 
search criteria but are not directly related to the con
sumer PDR (EX1, EX2). And the research that focuses 
on the designer’s PDR, also papers that focus on the 
design process (EX3). 

2.3. PDR terms overview 

Figure 1 shows that researchers used all these terms 
to describe PDR, although the term ‘Emotion’ is more 
dominant in PDR measurement studied, namely in 
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Physiological-signs-based research. It is worth noting 
that the term ‘Kansei’ (Consumer Kansei, User Kansei, 
individual Kansei) is the most exclusive term for 
describing product design response research in its art
icle title. And the term ‘Affect’ is the most used. 

The research resulted in papers that are focussed 
on Aesthetics, PDR or the PDR measurement. We iden
tified five terms used to describe the consumer PDR in 
the research papers titles, namely, Emotion, Affect, 
Preference, Kansei and perception. For the term 
‘Kansei’, we considered the cases where it was 
expressed as Customer Kansei, User Kansei, individual 
Kansei or Kansei preference and excluded it when it 
was mentioned to describe the process of KE. Figure 1 
presents a histogram describing the count terms used 
to describe PDR in the article titles, relative to the 
focus of the research. 

Figure 1 shows that researchers used all these 
terms to describe PDR, although the term ‘Emotion’ is 

more dominant in PDR measurement studied, namely 
in Physiological-signs-based research. It is worth not
ing that the term ‘Kansei’ (Customer Kansei, User 
Kansei, individual Kansei) is the most exclusive term 
for describing product design response research in its 
article title. And the term ‘Affect’ is the most used. 

2.4. Review structure 

This review intends to provide a clear understanding 
of the factors related to consumer interaction with 
product design and the methods employed to meas
ure and analyse their response. We formulate the nar
rative to discuss the questions shown in Table 3. 

Besides the product form, there exist multiple 
aspects of product design. In the third section, we dis
cuss the design features found to receive common 
consumer responses, particularly, in the design aspect 
of aesthetics, product perceived utility, haptic design 
and the aspect of luxury of the product. 

Although there is a good overall agreement in 
product design responses, the margin of responses is 
wide due to individual differences. There has been a 
large effort in investigating the consumer’s characteris
tics causing these differences. In sections 4 and 5, we 
discuss these studies and present the human factors 
found to have the strongest association with product 
design response such as the factors of individual 
exposure and openness in personality and the group 
factor of culture. 

Product design evaluation is challenging because 
the consumer response is not a value that we can 
measure directly. It requires an effort from the con
sumer to present their response in a language form, 
and we can only extract basic emotion from the brain 
signal. The semantic methods are found to be the 

Table 2. Search exclusion criteria. 
Exclusion code Exclusion criteria  

EX1 The research does not focus on product design, aesthetic design or human factors. 
EX2 The research does not discuss human factors or design/aesthetic response. 
EX3 The research focuses on the designer. 
EX4 The research paper was not written in English or not peer-reviewed. 
EX5 The article does not belong to Scopus, Web of Science, IEEE Explorer and ScienceDirect databases.  

Figure 1. Terms to describe product design response in 
research article titles.  

Table 1. Search terms and search strategy. 
Search number Search terms and combinations  

1 ‘Product design’ ‘response’ OR ‘perception’ OR ‘affect’ OR ‘emotion’ 
2 ‘Aesthetic design’ ‘response’ OR ‘perception’ OR ‘affect’ OR ‘emotion’ 
3 ‘Human factors in product design’ OR ‘Human factors in aesthetics’ 
4 ‘Product aesthetics’ OR ‘product utility’ OR ‘product ergonomics’ 
5 ‘Individual’ OR ‘personal’ OR ‘cultural’ þ 1þ 2 þ 3 
6 1þ 2 þ 3þ 4 
7 ‘Personality’ OR ‘intelligence’ OR ‘exposure’ þ1þ 2 þ 3 
8 ‘Measurement’ ‘bias’ þ 1þ 2 þ 3þ 4 
9 ‘Kansei engineering’ þ 1þ 2 þ 3þ 4  
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most efficient because they can help us estimate the 
consumer’s true affect by choosing from mul
tiple adjectives. 

However, researchers still have to consider the 
existence of many cognitive and consumer mood 
biases that can impact the quality of their experi
ments. In section 5, we discuss these potential biases, 
and in section 6, we present the common methods 
employed for measuring the PDR and highlight the 
difference between self-reported and physiological- 
based emotions studies. The seventh section presents 
the most commonly used methods to analyse the PDR 
data and discuss the advantages of each method. 
Figure 2 describes the hierarchical structure of 
reviewed studies. 

3. Design factors influencing PDR 

3.1. Product aesthetic and haptic design 

It is well established that emotional satisfaction leads 
to consumer loyalty and advertisement through word 
of mouth (Othman et al. 2020; Yun et al. 2003). In 
order to win that free publicity, businesses must first 
understand the objective aesthetic aspects of their 
product. Berlyne (1973) theorised that we share com
mon affective processes in aesthetic valuation (Berlyne 
1974). Since then, scientists have dedicated several 
studies to understanding our aesthetic appreciation 
(Pelowski et al. 2016; Marin et al. 2016). For instance, 

we found that humans favour symmetry (Bauerly and 
Liu 2008; Azemati et al. 2020), complexity (G€uçl€ut€urk, 
Jacobs, and van Lier 2016; al-Rifaie et al. 2017), curva
tures (Corradi et al. 2019; G�omez-Puerto et al. 2018) 
and balance (Post, Blijlevens, and Hekkert 2016; 
Fillinger 2020). Figure 3 presents four iconic Nokia 
designs with noticeable innate aesthetic preferences 
and features. 

Evidence shows that hard-wired visual system mecha
nisms detect these aesthetic features automatically 
(Rasche and Koch 2002; Locher, Martindale, and 
Dorfman 2020). Van Geert and Wagemans (2020) wrote 
a detailed review of the research findings related to the 
relationship between aesthetic appreciation and (a) com
plexity, (b) order and (c) balance between order and 
complexity. And concluded that ‘it is important to study 
their relation to aesthetic appreciation together, not sep
arately’. In product design, Bloch proposed one of the 
earliest models for product design (Bloch 1995). In this 
model, he discussed innate human preferences for prod
uct design, like order and unity and suggested that too 
much unity can be unappreciated (Tseng, Jiao, and 
Wang 2010). This idea is supported by human emotion- 
aesthetics theories (Desmet 2004; Van Geert and 
Wagemans 2020). And it is confirmed by recent studies 
(Van Geert and Wagemans 2019; Locher, Martindale, and 
Dorfman 2020). 

The research showed that haptic design properties 
play a considerable role in the consumer’s design 

Table 3. Questions discussed in the review. 
Question Section  

What are the design aspects influencing the product design response? 3 
What are the consumer factors influencing the differences in PDR? 4 
How we should measure the consumers’ response to product design? 5–6 
What are the methods used to analyse PDR? 7  

Figure 2. The hierarchical structure of reviewed studies.  
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response. James et al. (2002) showed that haptic 
exploration of novel three-dimensional objects evokes 
activation in brain areas associated with visual proc
essing. In consumer–product interaction, Vr�ana and 
Mokr�y (2020) wrote a review on studies that observed 
the effect of product haptic qualities on brain activity. 
They concluded that the haptic aspect of product 
design might be underestimated. 

Ranaweera, Martin, and Jin (2021) conducted an 
experimental study on the influence of weight and 
texture on consumer haptic sensing and perception. 
Considering three products; a photo frame, a remote 
controller and a water bottle. Their results suggest 
that smooth textures with heavier weights provoke 
excitement and show favourable responses towards 
exciting brands. While smooth textures with lighter 
weights provoke the perception of sophistication. 

3.2. Product utility 

Bagozzi, Gopinath, and Nyer (1999) theorised that peo
ple simultaneously evaluate products according to two 
classes. On the utility side, ie the product is beneficial to 
what degree? And on the hedonic side, ie how pleasant 
are the feelings associated with using this product? The 
overall evaluation of the product is, in differing degrees, 
the combination of assessment in both dimensions 
(Batra and Ahtola 1991). Van Rompay and Ludden 
(2015) presented a modern equivalent based on the 
embodied cognition framework (Shapiro 2019). 

Research showed that a misalignment between the 
utilitarian and hedonic aspects of the product is more 
likely to cause strong negative emotions (Chitturi 
2009; Kortum 2021). The utility aspects relate to func
tionality and reliability, while the hedonic element 
refers to the product’s ergonomics, Kansei and 

aesthetics (Spangenberg, Voss, and Crowley 1997; Liu 
2003). That means a product with high functional 
quality but low enjoyability can cause negative emo
tions relative to a product with equivalent hedonic 
and utilitarian attributes (Chitturi 2009; Hancock, Fisk, 
and Rogers 2001). 

Norman (2004) theorised that we expect better- 
designed products to function better. Sundar con
firmed this principle in their study (Sundar, Cao, and 
Machleit 2020). Hoegg et al. experimented on differ
ent products, examining the effect of appearance on 
the expected performance against the product 
description (Hoegg, Alba, and Dahl 2010). They con
cluded that higher aesthetics is more favourable in 
many cases where conflicting cues exist. Radford et al. 
studied the perception of newness and its effect on 
consumers’ judgement (Radford and Bloch 2011). They 
concluded that the evaluation of the aesthetics tends 
to occur before the consumer can consider the prod
uct’s functional aspects. And suggested that people 
may not focus on a product that does not evoke suffi
cient aesthetic interest. Adeyeye, She, and Baïri (2017) 
examined the perceived user experience of eco- 
friendly showerheads. Participants expressed their 
preference for designs different from regular shower
heads, even though the design changes do not neces
sarily correspond to better performance (Sierra-P�erez, 
Boschmonart-Rives, and Oliver-Sol�a 2019). 

Han, Forbes, and Schaefer (2019) examined creativ
ity in product design and its relationship with func
tionality and aesthetics. Their case study suggested 
no tangible relations among creativity, utility and 
aesthetics (Liu 2003). Haug (2016) studied the com
plexity of aesthetics in product success and offered a 
framework for understanding the aesthetic experi
ence of products. Considering the following stages of 

Figure 3. Examples of mobile phone designs with innate aesthetic preferences: Nokia models from left to right: 6235, 7610, 6630 
and 6600.  
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aesthetic emotions: Objective emotion, Personal con
text, External context and Reflection, the stage where 
the consumer justifies their emotion or argues 
against it. 

3.3. Product luxury and brand 

Besides the aesthetic and the utility values, research 
showed that we also consider products for symbolic 
value (Candi et al. 2017; Chen 2019; Kumar and Noble 
2016). Luxury products, in particular, hold high social 
signals value and are often accompanied by a brand 
image (Brunner et al. 2016). In addition, luxury prod
ucts are often identified by distinctiveness, exclusivity 
and craftsmanship (Idemen, Elmadag, and Okan 2021). 
Also by timelessness, sensuality and beauty (Kapferer 
2008). Tynan, McKechnie, and Chhuon (2010) dis
cussed in their review that symbolic values are essen
tial in luxury products because it communicates the 
signal of consumer status to others. 

Hemonnet-Goujot and Valette-Florence (2022) studied 
the PDR regarding the aspect of luxury and brand love 
and their social drivers (Informational influence, 
Utilitarian influence and Value-expressive influence) and 
individual drivers (Self-consistency, Self-enhancement 
and Self-differentiation). Considering PDR as the 
Aesthetic, Functional and Symbolic values. The experi
ment studied luxury in two commonly used products, a 
pen (Mont Blanc Meisterstuck pen) and a wristwatch 
(Rolex Oyster Perpetual watch). The study collected 
design evaluation data from a multinational pool of par
ticipants through an online survey, resulting in 276 eval
uations for the watch and 249 evaluations for the pen. 
Besides design evaluation, the participants were asked 
to answer questions related to the product brand and 
describe the important drivers for buying a watch or 
a pen. 

The study results supported the known antecedents 
of product design value perception, namely the 
‘importance of the need for status’ (Han, Nunes, and 
Dr�eze 2010) and the ‘self-expression’ (Kumar and 
Noble 2016) and showed that the social drivers for 
watch products are significantly higher than for the 
pen. And that the individual drivers are higher for the 
pen product. Which suggests distinguishing between 
socially consumed products and privately consumed 
products. Their results also showed that brand identifi
cation has a mediating role and design that triggers 
affective experience has a symbolic value. Both of 
these drivers act as catalysts for brand love. Adding to 
the antecedents R&D and advertising intensity, found 
by Nguyen and Feng (2021). 

Hagtvedt and Patrick (2014) investigated products 
with extravagant aesthetic features. In their experi
ment, participants associated excessive levels of styl
ing to lower levels of functionality. However, the 
results also suggested that products in the Beauty cat
egory can be valued based solely on their design, 
regardless of their perceived functionality. Greenberg 
et al. (2020) suggested the use of design extravagance 
as a new luxury product design element. 

Tynan, McKechnie, and Chhuon (2010) also classi
fied hedonic appeal as self-directed because it refers 
to messages of allow the consumer to satisfy their 
individual stylistic identity. Amatulli, De Angelis, and 
Donato (2020) studied the effect of hedonic versus 
utilitarian messages on consumersʼ  perceptions and 
attitudes towards luxury products. And found that the 
hedonic message is more important than the utilitar
ian message in product perceived luxuriousness when 
the promoted product carries lowly prominent logos. 

We present a visual summary in Figure 4. Focussing 
on the notion of balance between aesthetics and func
tionality, referred to as ‘Balance AF’. This figure 
describes the two extremes. On one side, products 
with multiple functionalities but low aesthetics and on 
the opposite side, the products with high aesthetics 
but little functionalities. The graph describes that the 
latter is appreciated much more than the former on 
average. And outperformed by the products that have 
little functionalities but higher aesthetics, as they score 
higher is the Balance AF, to our best knowledge this 
balance is not a countable value, we suggest it illus
trate our understanding of research findings. This 
graph would have been a straight line if we simply 
appreciated higher aesthetics. But, on average, we do 
not highly value the overdesigned products that 
belong to the utility category. The graph shows this as 
the valley that separates the luxury category. 

Figure 4. Aesthetic/functionality product evaluation (watches 
from left to right: a fake Oulm, a Swatch, a Daniel Wellington, 
a Jacob & Co, a Sekonda).  
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3.4. Summary of product factors 

Product design evaluation is based on aesthetics, 
utility and symbolic values, Researchers developed a 
good understanding of the design aesthetic features 
and showed that we share significant common pref
erences in terms of product shape and haptic sen
sory characteristics. In the dimension of product 
utility, research showed that the most important 
factor is the alignment of the aesthetic and the 
functional aspects of the product design. and the 
utility on its own is not responsible for positive con
sumer response. As opposed to the product with 
high aesthetic characteristics, it can be appreciated 
without or with very little utility. Research shows 
that we appreciate the latter product for its sym
bolic value. 

4. Consumer factors influencing PDR 

4.1. Consumer culture 

Diverse cultures have distinctive aesthetics (Walker 
et al. 2018). In product designs, product design that is 
motivated or inspired by a local culture is referred to 
as ‘Cultural Design’ (Erlmann 1998). It is the design 
that is associated with an identity and holds the signs 
of the social context in which it was created, signs 
that can be functional or aesthetic aspects of the cul
tural product and mark the distinction between the 
people of different cultures (Kesebir and Kesebir 
2017). Several studies discussed the distinct differen
ces in traditional aesthetic features (Luo and Dong 
2017; Kharkongor and Chakrabarti 2019; Gan and Hirai 
2017; Dianat, Molenbroek, and Castellucci 2018). Gilal 
et al. (2018) suggest that dissimilar cultures have dif
ferent common interests in terms of symbolic or aes
thetic values in a product design. 

The ‘Cross-cultural Design’ On the other hand, is 
the design that identifies with multiple groups across 
national and cultural boundaries and seeks to receive 
consumer acceptance globally, regardless of their cul
tural background. Ikeda discussed the history of 
Japanese product design (Ikeda 2022) its origin and 
inspirations from European and American product 
design. And Adelabu et al. investigated the product 
design inspired by the African culture (Adelabu, 
Yamanaka, and Moalosi 2013), suggesting a cultural 
product evaluation approach based on the Kansei 
method. Due to global culture dominating local cul
tures, and most technological products do not adopt 
local cultural designs, people from different back
grounds tend to have a joint position in product 
design perception (Higgins 2017; Reynolds 2016). 

Chai et al. (2015) showed in their study that the 
consumer tends to prefer products with cultural 
meanings compared to superficial design and that 
they may prefer cultural products with a modern 
design element to traditional cultural elements. Qin, 
Song, and Tian (2019) executed quantitative research 
to understand consumer attitudes towards culturally 
innovative design and sustainability. Focussing on 
how young consumers perception of cultural prod
ucts. And showed that the perceived novelty of cul
turally innovative products is important for the 
consumers’ purchasing intentions and their consump
tion attitudes. Qin later suggested a framework for 
designing new products based on cultural inspiration 
(Qin and Ng 2020). And Zhou suggested an approach 
for cross-cultural design based on Deep learning 
(Zhou et al. 2022). 

We summarise with a visual illustration of cultural 
design in Figure 5. This framework shows that most 
people perceive product design similarly. The most 
significant part of the population worldwide uses the 

Figure 5. Cultural and cross-cultural design.  
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same products in their daily lives, for example, techno
logical products, formal clothing and transportation. 
Within this category of global products, slight design 
variations are made in local regions, mainly motivated 
by competition and marketing as well as functional 
features. Such design variations are primarily present 
in locally made products, like home furniture, packag
ing and beauty-related products. Furthermore, aesthet
ics for these products are more likely to be perceived 
similarly by neighbouring cultures and, to different 
degrees, less similarly by farther cultures. 

Based on our understanding, we theorise that the 
perception of traditional aesthetics receives agreement 
from people of the same culture of origin. But, they 
do not evoke similar emotions in people from other 
cultures. Therefore they are the most isolated in terms 
of perception agreement. The best examples of such 
aesthetics can still be found in items related to trad
itional ceremonies. The above remarks support the 
idea that: human perception of aesthetics is depend
ent on exposure, and its emotional meaning is shaped 
by society. 

4.2. Consumer exposure 

In personal aesthetic perception, it is evident that each 
person is different. Corradi et al. (2020) studied the indi
vidual aesthetic sensitivity of previously mentioned 
human aesthetic preferences, ie complexity, order, cur
vatures and balance. They found that people agree on 
these aesthetic preferences, but to different degrees. As 
a conclusion of their experimental study, they sug
gested that ‘Variations in aesthetic sensitivity should 
not be treated as noise’. Highlighting the importance of 
the individual. This idea is supported by other theoret
ical and experimental studies (Myszkowski and Storme 
2017; Weichselbaum, Leder, and Ansorge 2018; Ma 
et al. 2020). 

Aesthetic sensitivity is a concept that explains a 
person’s ability to recognise and appreciate aesthetic 
quality (Child 1964), previously thought of as a 
unique trait present in some people more than 
others (Eysenck 1972). Because specific shapes, pro
portions, and characteristics were considered inher
ently attractive (Arnheim 1992). Since then, our 
understanding of aesthetics has evolved towards rela
tivity, as more and more research showed that aes
thetic appreciation is dynamic and depends on other 
personal and learnable characteristics (Corradi et al. 
2020; Myszkowski and Storme 2017).Several research 
projects aimed to understand the relationship 
between general intelligence and aesthetic sensitivity 

and found conflicting results, from negative to posi
tive correlations (Eysenck 1940; Myszkowski et al. 
2014). Myszkowski, Çelik, and Storme (2018) analysed 
data from 23 previous studies and found a weak 
positive correlation (0.3 with a 95% confidence inter
val). These results raise more questions than answers 
regarding what constitutes aesthetic appreciation. 

Summerfeldt, Gilbert, and Reynolds (2015) con
ducted an experiment on the correlation of aesthetic 
interests, experience and knowledge with basic human 
aesthetic preferences (order, complexity, balance). 
They measured the art-related expertise of the partici
pants through questions. Then asked them to rate the 
aesthetics of computer-generated elementary shapes. 
The objective aesthetic characteristics of these shapes 
were calculated based on their geometry and used to 
evaluate the participant’s answers. Results showed 
that people with higher experience correspond to 
higher objective aesthetic appreciation. 

Weichselbaum, Leder, and Ansorge (2018) studied 
the aesthetic valuation relative to consumer expertise. 
They subjected the participants to an art-related exam 
and ranked them based on their scores. Then later 
asked them to rate patterns according to their per
ceived beauty. The results showed that the average 
participant rated symmetrical patterns significantly 
higher than asymmetrical ones. And that participants 
that have higher expertise valued the asymmetrical 
patterns higher. This experiment suggests a natural 
tendency to appreciate symmetry, but people with 
significant aesthetic exposure were able to challenge 
that natural tendency. 

Similar results were found by Silvia and Barona 
(2009), where the experiment suggested that, in the 
case of simple shapes, people typically prefer angular 
shapes. However, as expertise increased, the effect of 
angularity decreased. Their experiment, however, pre
sented the contrary regarding complex design shapes 
because experts prefer angular shapes more than par
ticipants who are less experienced. We think this 
might be related to the idea that experts have a more 
tolerant perspective on weighing the trade-off 
between complexity and simplicity. 

Bloch, Brunel, and Arnold (2003) suggested measur
ing the importance of aesthetics of a product for a 
particular consumer through the concept of Centrality 
of Visual Product Aesthetics (CVPA). It differentiates 
between consumers who evaluate products with low 
regard for aesthetics and consumers whose product 
valuation is dominated by how it appears aesthetically. 
At the individual level, the CVPA was found to be 
dependent on the ability to understand and evaluate 
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product designs. Studying the effect of exposure on 
design appreciation (Carbon 2010), Carbon asked the 
participants to evaluate car designs in terms of liking, 
curvature, complexity, quality, innovativeness and 
safety. before exposing them to highly innovative 
designs of concept cars. The results showed changes 
in the overall evaluation of past car designs as people 
saw them later as less creative. The paper refers to 
this concept as ‘Zeitgeist’ (Carbon 2019). 

Design novelty is an essential aspect of design, and 
from the subjective perspective, it is related to exposure. 
Raymond Loewy (2002) highlighted the importance of 
balancing the comfort of familiarity with the uncertainty 
of the unknown, characterised by the acronym MAYA 
(Most advanced yet acceptable). Vazquez and Yamanaka 
(2014) studied the impact of novelty on consumer evalu
ation using actual commercial products, considering the 
participant’s prior experience with such products. 
The results showed slightly higher pleasure levels for the 
familiar designs and that visual stimulation before the 
first interaction has arousal enhancing effect relative to 
the novelty aspect. Researchers developed several math
ematical models to simulate the effect of novelty 
(Miyamoto and Yanagisawa 2020; Sekoguchi and 
Yanagisawa 2019; Ueda, Sekoguchi, and Yanagisawa 
2021; Ruiz-Pastor et al. 2022). 

Van Geert and Wagemans (2020) reported evidence 
of considerable individual variation when it comes to 
aesthetic appreciation of order and complexity. The 
research projects suggested that expertise, and per
sonality traits, might be the most significant drivers 
for such variation. 

4.3. Consumer personality 

The link between personality and aesthetic experience 
has been researched from different angles (Christensen, 
Cotter, and Silvia 2019; Afhami and Mohammadi- 
Zarghan 2018; Mohammadi-Zarghan and Afhami 2019). 
De Young wrote an in-depth review of evidence associ
ating Openness and aesthetic appreciation in general 
(DeYoung 2015). And the results found by Antinori, 
Carter, and Smillie (2017) indicated that open people are 
characterised by higher engagement with aesthetic 
information. 

Myszkowski and Storme (2012) conducted a correl
ation study between the Big Five model of personality 
traits and the quality of product aesthetics 
(Conscientiousness, Agreeableness, Neuroticism, 
Openness and Extraversion) (Afhami and Mohammadi- 
Zarghan 2018). They measured the Centrality of Visual 
Product Aesthetics (CVPA; Bloch, Brunel, and Arnold 

2003) of 158 participants, mostly female students. The 
test is an 11-item self-report questionnaire that has 
three subscales. Namely: Value, how significant is the 
design for the consumer? The Acumen is how capable 
the consumer is in recognising design details is? And 
The Response is how crucial the customer’s need to 
buy products that have appealing designs is. The 
results suggested that people with low Openness 
tended to prefer higher quality designed products. 
And agreeableness is found to correlate with Value. 

In later research, Myszkowski et al. (2014) con
ducted the Visual Aesthetic Sensitivity Test (VAST; 
G€otz et al. 1979) on a similar subject pool constituted 
of 129 participants, mostly female students. This test is 
also a self-report questionnaire considering the follow
ing six subscales: Openness to aesthetics, Openness to 
fantasy, Openness to feelings, Openness to ideas, sen
sation-seeking tendency and tendency to seek order. 
But in this study, the results showed a correlation 
between Openness and aesthetic sensitivity. However, 
the author recognises the limitations of self-reporting. 
Participants have to use their imagination when 
answering the questions, which is not ideal because 
they may not have the same view of what makes a 
highly designed product. Furthermore, there are many 
variables to a product design; therefore, the design 
perception can impact their judgement in an actual 
product evaluation exercise. 

de Bont, Schoormans, and Wessel (1992) made one 
of the earliest consumer personality studies in product 
design. They identified the consumer in terms of two 
cognitive styles; Tolerance of Ambiguity (ToA; Budner 
1962) and Categorisation Width (CW; Donnelly, Etzel, 
and Roeth 1973). A person with a high ToA is equiva
lent to what we consider open to experiences. And a 
consumer with low CW is a person that gives high 
importance to product details. And may, for example, 
recognise the difference between trainers, running 
shoes and sneakers. Nonetheless, this study asked 76 
participants to rank 15 expresso machine designs 
according to what they consider an ordinary design. 
They set the standard ranking, on the other hand, 
using the answers of five experts. They found men to 
have higher categorisation width than women, and 
older participants had a lower tolerance for ambiguity. 
The results showed that people with high ToA, and 
high CW, tend to accept deviating (according to the 
judges’ standards) product designs. 

Han and Ma (2018) studied the relationship 
between consumer personality and jewellery item per
ception. Their experiment studied the personalities of 
60 highly familiar female customers and classified 
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them into 4 clusters. Namely ‘Casual and free’, 
‘Introvert and sensitive’, ‘Rational and calm’ and 
‘Extrovert and optimist’. They asked each to rate 278 
items from a well-known brand to conduct a study 
based on 100 words. The results suggested that per
sonality has an impact on the participant’s perception. 
And that there is a correlation between the personal
ity cluster members. Chen, Liang, and Lee (2019) 
studied the effect of personality type on the design 
perception of elderly products. They classified the 30 
elderly participants into four types, namely, 
‘Dominance’, ‘Influence’, ‘Steadiness’ and ‘Compliance’ 
and collected their impressions on a shoe product 
with eight design variables, including the shape, 
material texture and colour. Similarly to the above 
study, they found that personality groups have differ
ent preferences in shoe material and colours. 

Other studies showed that some personality traits 
are essential in preferring luxury design. For instance, 
Kang and Park (2016) discussed that narcissistic orien
tations encourage people to prefer luxury products. In 
their studies of actual brands and consumers, Fujiwara 
and Nagasawa (2015a, 2015b) showed that Openness 
to Experience is a significant trait among consumers 
of luxury items. In another field study, Greenberg 
et al. (2020) established a link between extravagance 
and preferences for luxury product design as a motive 
for the ‘need for status’. 

4.4. Summary of consumer factors 

The consumer response to product design can be influ
enced by culture, however, this is mostly true in a lim
ited set of products inside the local regions. The cultural 
factor is not very significant in most mass consumption 
of modern products. From the individual characteristics 
of the consumer, two factors were the most responsible 
for PDR differences, namely, the consumer experience 
and the consumer personality element of Openness to 
experiences. 

5. Design evaluation context factors 

5.1. Product–consumer interaction 

The product design response is not a reflection of the 
nature of the product alone, but also on the character
istics of the evaluator and their experience (Kumar 
and Noble 2016; Homburg, Schwemmle, and Kuehnl 
2015). Locher, Overbeeke, and Wensveen (2010) cre
ated a detailed framework combining product-driven 
and cognitively driven processes underlying the con
sumer’s experience with product design. Based on the 

models for aesthetic appreciation and judgements 
(Leder et al. 2004) and the model describing the 
affective product interactions (Wensveen 2005). 
Tavares et al. (2020) presented a systematic literature 
review in the field of cognitive-affective needs in prod
uct design. There exist many factors that can impact 
the consumer response, starting from personal ele
ments like the mood, at the moment of evaluation, to 
more complex influences that can emerge from con
sumer–product interaction. 

We present a visual summary illustration in Figure 6; 
to describe the influencing factors in product design 
evaluation, on one side, there is the consumer, includ
ing the cultural background, former experience with 
aesthetics, consumer personality and consumer mood 
at the moment of interaction with the product. And on 
the other side, the product, which consists of product 
characteristics and context: 

5.2. PDR measurement biases at the moment 
of evaluation 

The evaluation context has a significant effect on the 
overall consumer response (Knetsch and Wong 2009). 
Logkizidou et al. (2019) showed in their study that 
products presented in a museological manner (inside 
a glass cube for instance) are perceived to be more 
luxurious, less risky and thus more purchasable. The 
order of product display can cause other cognitive 
biases that may affect the product design evaluation, 
like the ‘Anchoring bias’, which occurs when a refer
ence design, intentionally or unintentionally, is consid
ered the reference point for evaluating all other 
designs. The ‘Recency bias’ says that people would 
remember the first and last designs more accurately 
when assessing a series of product designs than those 
in the middle. And lastly, the ‘Framing bias’ occurs 
when the evaluation context positively or negatively 

Figure 6. The subjective product design response, a sug
gested illustration of Locher, Overbeeke, and Wensveen 
(2010) framework.  
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influences the design evaluation (Hallihan, Cheong, 
and Shu 2012). 

The product’s prior connection with the consumer 
can encourage some consumer decision biases, such 
as the ‘Endowment effect’, which is the tendency for 
people to value a product they own more than peo
ple who do not (Morewedge and Giblin 2015). 
Furthermore, Bushong et al. (2010) showed in an 
experimental study that people value products higher 
when they see them in real than in pictures. And 
Peck and Shu (2009) demonstrated that touching a 
product increased the affective reaction towards that 
product, similarly to the endowment effect. 

Another effect, called the ‘I Designed It Myself’ 
effect, also known as the Effort bias, says that people 
are attached to objects they created or helped create. 
And value them higher than other objects. In their 
paper, Franke, Schreier, and Kaiser (2010) discussed 
the different aspects of this effect. They suggested its 
incorporation in the online design customisation tools, 
for its substantial impact on the willingness to buy. 
Yanagisawa (2019) discussed the ‘expectation effect’ 
and proposed mathematical modelling of this effect in 
product design. 

Another consumer bias factor is the mood at the 
moment of evaluation. It is shown to be an important 
variable that can affect product design evaluation. 
Locher, Frens, and Overbeeke (2008) conducted an 
experimental study that looked at the problem of 
design evaluation from the consumer’s mood angle. 
Half of the participants in this experiment were 
trained design students, and the other half were 
untrained students from other departments. The task 
is to rate the visual appeal of a set of six digital cam
eras by thinking out loud about the design features 
using camera prototypes. To introduce a positive 
mood, half of all participants, trained and untrained, 
were presented with a nice bag of candies and 
explained that it was an appreciation for participating 
in the experiment. This idea was inspired by Estrada, 
Isen, and Young (1997), who showed that it influenced 
doctors to demonstrate more efficiency and openness 
to information. The design evaluation results showed 
that; participants that were gifted the candy gave, on 
average, a significantly more appealing rating than the 
rating of individuals who were not given candy. 

Furthermore, the untrained participants who 
received candy provided the fewest reactions overall 
and design students who received candy generated 
more reactions than design students who did not. This 
suggests that the effect of positive mood is similar, 
but depending on the consumer’s perspective, the 

means can be different. It is worth mentioning the fol
lowing research results that showed a strong effect of 
consumer mood on perception. Djamasbi, Strong, and 
Dishaw (2010) demonstrated in an experimental study 
that people are more willing to accept new technol
ogy when in a good mood, even in high levels of 
uncertainty. Their results were examined further in 
recent experiments regarding consumer personality 
and the duration of the positive/negative mood effect 
(Sagnier et al. 2020). 

More results were found in the service evaluation 
study by Sirakaya, Petrick, and Choi (2004). That sur
veyed a cruise vacation and found that a positive 
mood is significant enough to be considered a bias 
and recommended a neutral mood for more accurate 
service evaluation surveys. In a more detailed experi
mental study, Kocabulut and Albayrak (2019) surveyed 
hotel customers on the quality of service. On the 
other hand, they measured their personalities and 
mood before taking the survey. They found that ‘good 
mood’ has a stronger correlation, with high-quality 
evaluation, than personality. And surprisingly, results 
showed that, in a good mood, people with aggres
sive/competitive characters perceive higher quality ser
vice than people with easygoing/happy personalities. 

6. Measurement methods of product 
design response 

6.1. Physiological-based measurement 

An emotional experience can reflect on various 
physiological signs such as pupil size, heart rate 
(Wang et al. 2018), skin conductance (Christopoulos, 
Uy, and Yap 2019) and brain activity (Rahman et al. 
2021). Yu and Qi (2018) reported the recent 
advancement in emotional recognition based on 
Electroencephalogram (EEG) recordings and proposed 
guidance points on EEG-based user-experience- 
focussed product design. Cela-Conde et al. (2004) 
presented one of the earliest investigations in visual 
aesthetics. Under Magnetoencephalography (MEG), 
participants were shown different artworks and nat
ural photographs and asked to decide whether each 
picture was beautiful or not using a finger sign. The 
brain activation tracings showed a significant differ
ence between beautiful and not beautiful conditions. 
In a similar study, Yang, Lin, and Milekic (2018) found 
that EEG plus eye-tracking can indicate one’s affect
ive responses towards picture aesthetics. And Chew, 
Teo, and Mountstephens (2016) expanded the quest 
towards 3D shapes. 
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In research related to product design, One of the 
early attempts to understand PDR, using physiological- 
based exploration, was made by Tomico et al. (2008). 
They studied the comfort levels of six stylus designs 
during and after the interaction. Lin et al. (2011) 
sequentially exposed Eighteen participants to table- 
chair pairs and asked them to make design-match 
judgements while connected to the EEG machine. 
Thirty-two chairs from four categories and eight tables. 
The Event-Related Potential (ERP) brain activity 
showed that, depending on the styles, the reaction 
time for match/mismatch is different. 

Deng and Wang (2019) presented a paper where 
they conducted an emotional scale survey in reaction 
to pictures of cultural symbols of the ‘Shu culture’ on 
the one hand. They recorded the brain activity of the 
20 participants using an EEG. On the other hand, 
understanding the brain signal patterns that reflect 
the relationship between product experience, user 
emotion, and the degree of pleasure is independent 
of cultural bias. Guo et al. (2018) found that it is pos
sible to indicate the consumers’ product design prefer
ences through EGG data. In another study, the authors 
used EEG to identify accurate adjectives to assess 
product design features. 

Chen et al. (2017) studied product colour attractive
ness and the perception of product affordance based 
on its colour. They connected the 20 participants to 
an EEG machine and measured their ERP in reaction 
to seeing pictures of coloured sofas, then target words 
(affordance or attractive). The brain signal results 
showed that colour affordance is involved in the cog
nitive process before colour attractiveness. Wang et al. 
(2020) investigated the ability to predict design choice 
decisions using eye movement and EEG response. 
Using 35 participants and 4 designs of a construction 
truck, they found that the fusion of data from brain 
signals and eye movement can help predict product 
design decisions. 

Liu and Sourina (2014) developed an algorithm for 
human emotion recognition based on real-time EEG 
readings. In recent work, Liu et al. (2019) used it in a 
study to detect the design preferences of humanoid 
robots. To understand the design traits that correspond 
to higher perceptions of likeability, smartness and 
friendliness, perceptions of 12 robot designs based on 
the evaluations of 20 inexperienced participants, along 
with eye-tracking and EEG data. The results suggest 
that the emotion predictions are equivalent to the like
ability responses. And on average, the first impression 
does not change. On the other hand, eye-tracking 

suggests that facial features are the most important 
aspect in humanoid robot design. 

These studies of product design emotion mainly 
focus on understanding the brain’s priorities when 
interacting with a design. And how the decision to 
like or dislike is made. They do not identify a distinct 
emotion or what caused it. Instead, they find brain sig
nal heuristics corresponding to a positive or negative 
emotion. For designers, such an approach cannot 
serve as part of the design process. But they can 
extract general ideas about how the consumer decides 
to like/buy the product (Bacciotti et al. 2016). 

6.2. Self-reported measurement 

Psychological questionnaires are used to identify emo
tional states. But are not adopted in product design 
because they mainly focus on disorders. On the other 
hand, simply asking consumers how they feel about a 
product design does not help identify its real affect. 
Because people might restrict their answers to what 
they think is socially acceptable, they can also be eas
ily motivated to provide an answer that pleases the 
researcher (Orne 1962). Schoen and Crilly (2012) 
showed in their experiment that multiple questions, 
such as the ‘willingness to pay’, ‘wanting’ and ‘prior 
ownership’, increase the possibility of identifying the 
consumer’s response compared to the simple one 
question for attractiveness. 

Even though the verbal expression is vulnerable to 
social biases (Poels and Dewitte 2006), the verbal 
protocol method intends to overcome these draw
backs (Smith 2015) by encouraging the participants to 
reflect on their mental processes. Nonetheless, the ver
bal self-report has the advantage of quick implemen
tation. The participants are not required to learn 
about the specific answering process. They simply 
express what they feel about the product design or 
give quick answers to specific questions. The freedom 
of answer allows the participants to provide a variety 
of expressions, which is a good advantage for catch
ing the complexity of the design emotions (Deininger 
et al. 2019). 

Other frameworks have been developed to cap
ture both the complexity of the affect and the sim
plicity of implementation (Schindler et al. 2017). 
Desmet suggested the Product Emotion (PrEmo1) 
technique (Desmet 2003). It allows the consumers to 
express their feeling about a product design 
through a cartoon character with 14 different pleas
ant and unpleasant facial and body expressions. This 
technique was thoroughly tested in different 
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cultures and improved to PrEmo2 by Laurans and 
Desmet (Desmet 2018). 

However, the most widely used techniques for 
measuring product design affect employ the seman
tic ideas introduced in psychology by Osgood et al. 
through the semantic differential method (Osgood 
2009; Osgood, Suci, and Tannenbaum 1957). In 
product design, semantics refers to its psychological 
message expressed through its design features, ie 
shape, form, colour, texture, etc … its early applica
tions focussed on the understandability of product 
function and easy use (Demirbilek and Sener 2003). 
In product design, semantic studies first focussed 
on creating brand personality through design 
(Karjalainen and Snelders 2010; Karjalainen 2007). 
Then expanded to predicting consumer perceptions 
(Shi, Huo, and Hou 2021; Kobayashi 2020; Hartono 
and Chuan 2011). 

Researchers created several strategies to cover the 
different design priorities of a research experiment. 
For instance, the design evaluators select from a lim
ited list of ‘adjectives’, known as ‘semantic attributes’ 
or ‘Kansei words’. And the goal is to establish the 
relationship between the design attributes and basic 
affect. The design attributes are also fixed in an exist
ing list (Kobayashi, Kinumura, and Higashi 2016; 
Kobayashi and Kinumura 2017). It is common to ask 
the design evaluator to choose a position in the 
Likert Scale between two polar attributes (Kobayashi 
and Niwa 2018; Ding et al. 2021). Other approaches 
ask the experiment participants to rate a design, 
ranging from ‘not’ to ‘very’, on a selected set of 
attributes (Belboula et al. 2019). Table 4 presents a 

collection of shared attribute pairs used in product 
design research. 

Compared to the previously mentioned physio
logical-based emotion studies, the self-reported 
approach is more suitable for product design and is 
the most widely used by designers and researchers. 
Not only because of its cost-effectiveness, but it also 
provides a deep understanding of specific perceptions 
of the design. 

Online e-commerce sites provide a massive amount 
of information about consumers’ affect. And with the 
maturation of machine learning tools, product design 
researchers took the opportunity to exploit this con
sumer-generated data (Ireland and Liu 2018). For a 
detailed understanding of the recent works in this 
field, we refer the reader to these two surveys: First, 
Quan et al. (2021) wrote a detailed layout of the new 
methods used for extracting valuable consumer pref
erences through text, image, voice and video data. 
Second, Jin et al. (2019) wrote a comprehensive survey 
on extracting consumer needs from online reviews. 
From data acquisition to opinion recognition and sen
timent analysis (Jiao and Qu 2019). suggested a 
method for extracting consumer’ design responses 
from online product reviews based on natural lan
guage processing. 

6.3. Consumer observation-based measurement 

Observation-based measurement is a popular technique 
in ergonomic design studies, it consists of real-time 
assessment of a user, directly or through Video records 
(Pereira et al. 2016; Spielholz et al. 2001). Compared to 

Table 4. Common attributes pair in the domain of product design. 
K, Y, U, S Adult-Childish H, U, J, G Old-Young C, I Mature-Youthful A (Akay et al. 2021), 

B (Bartolome, Cho, and Cho 2021), 
C (Choi 2021), 
D(Ding et al. 2021), 
E (M€uezzino�glu, Hidayeto�glu, and Yı ldı rı m 2021), 
J (Jylh€a and Hamari 2019), 
H (Jylh€a and Hamari 2021), 
I (Sutono 2016), 
G (Gan and Hirai 2017), 
K (Kobayashi and Niwa 2018), 
L (Kuhnert, Ragni, and Lindner 2017), 
M (Ma et al. 2020), 
N (Nagano, Okamoto, and Yamada 2018), 
O (Ulusoy, Olgunt€urk, and Aslano�glu 2021), 
P (Dal Pal�u et al. 2017), 
Q (Jiang, Chen, and Zhang 2019), 
R (Huang et al. 2018), 
S (Sutono 2018), 
U (Asghar, Torrens, and Harland 2018), 
V (Chen et al. 2021), 
W (Wang et al. 2021), 
X (Tsao, Huang, and Hung 2019), 
Y (Yan et al. 2018), 
Z (Garc�ıa, Estupi~nan, and Olarte 2017). 

H, K, Y Popular-Unique D, J, V, X Ordinary-Special M, Y Alternative-Usual 
I, W ,N ,D ,S Traditional-Modern Y Progressive-Conservative M, X Conservative-Innovative 
S, O, I Elegant-Not elegant P, J, N, H, G, U Beautiful-Ugly Z Horrible-Pretty 
X Strong-Soft H Soft-Wild J, A, P, N, B, C, J, H, G Hard-Soft 
E, J, H Relaxed-Stiff Y Relaxed-Intense B, O, R, Z Comfortable-Uncomfortable 
K, D Luxurious-Cheap H Expensive-Cheap R Expensive-Inexpensive 
U, K, I, S Stylish-Styless C Classy-Trendy R Fashionable-Unfashionable 
K Attractive-Not attractive P Pleasant-Unpleasant R, U Attractive-Repulsive 
P Calm-Strident J Calm-Exciting N, E, X, R Exciting-Boring 
D, V Simple-Gorgeous Y Gorgeous-Pure W Gorgeous-Plain 
H, K, N Exciting-Quiet D, N, R, V, X Dull-Lively M Dull-Cheerful 
C Aggressive-Passive J, Q, H, X Passive-Active G, B Active-Inactive 
K Intellectual-Wild R Smart-Stupid L Stupid-Intelligent 
S, I Bold- Plain N, H Delicate-bold Q Plain-Gaudy 
K Revolutionary-Retro I Classic-Not classic R Unconventional-Conventional 
R Cold-Hot E, H Warm-Cool N, A, G, O, Y, A, B, C, Q, Z Warm-Cold 
M Amateur-Professional J, H Professional-Unprofessional 
M, N Dangerous-Safe R Safe-Unsafe 
R, L Rational-Emotional W Emotional-Intellectual 
C, X Humorous-Serious Y Funny-Serious 
J, H, R, B, L Strong-Weak 
L, O, W, G, J, I, Q, S Masculine-Feminine  
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the self-reported measurement approach, it requires 
extensive technical knowledge and experience to inter
pret the observed reactions (David 2005). In product 
design, this approach is mainly used to investigate the 
utility aspect of the design (Kermavnar, Shannon, and 
O’Sullivan 2021; Kamil, Moi Li Shi, and Sani 2020; Yu, 
Chou, and Luh 2018). 

In aesthetic design assessment, Locher, Frens, and 
Overbeeke (2008) measured the product design 
response by consumer observation, the experiment par
ticipant evaluated six camera prototype designs. Each 
camera was modelled out of white foam with all func
tional parts. Two views of each camera are shown in 
Figure 7. The experimental session lasted approximately 
25 minutes. They manipulated the prototypes manually, 
expressed their reaction verbally and gave a rating of 
their appeal. A videotape of the participant’s interaction 
with the design prototypes was created for examination. 
Besides observing the reaction of the evaluators, this 
method presents additional information on processing 
time. Their results showed that the trained design stu
dents spent more time evaluating the prototypes, how
ever, no significant connection was found between the 
processing time and the evaluation outcome. 

This method is not widely adopted in product 
design evaluation as it requires a specific experimental 
approach for different products. It is time-consuming 
in the evaluation step and, necessitates expert inter
pretation of the results. Which makes it relatively 
expensive compared to the self-reported measurement 
approach. 

6.4. Summary of PDR measuring methods 

Researchers were able to predict human emotion, 
based on Physiological signs, such as brain waves. 
PDR used such emotion to predict the emotion about 
particular aesthetic or design features and showed 
that it is possible to measure preferences. The 
method of consumer observation, on the other hand, 
offers much more data on the consumer’s response, 
but it requires large efforts both from the consumer 
and the experimenter, and requires expert interpret
ation. Sematic-based approaches remain the most 
efficient method for extracting the deep consumer 
affect. However, experimenters need to pay attention 
to biases that can occur due to incorrect measur
ing approaches. 

Figure 7. Camera prototypes in the Locher, Frens, and Overbeeke (2008) experiment.  

Figure 8. Illustration of the forward and backward modelling (Shieh, Li, and Yang 2018).  
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7. Product design response 
engineering methods 

7.1. Kansei engineering methods 

KE is the process of capturing human affect/Kansei 
associated with a product design (Nagamachi and 
Lokman 2016). Not only the product form but also 
patterns, textures, sounds and smells. It represents a 
method to study the users’ interaction with a design 
by analysing their product design response. Academic 
and industrial researchers use this methodology for 
various design investigations (Ishihara et al. 2008; 
Marco Almagro 2011; Sch€utte et al. 2004). L�opez, 
Murillo, and Gonz�alez (2021) wrote a systematic litera
ture study of KE product design, analysing research 
papers from 1995 to 2020. They presented the most 
commonly used KE methods and showed that tech
nology and furniture/home products make up approxi
mately 60% of all research subjects. KE focuses on 
obtaining the Affect/Kansei related to a product 
design through semantics. 

The early KE applications focus on identifying the 
users’ affective and ergonomic needs. Such as the 
work made by Ishihara et al. (2008) where they found 
that forklift drivers preferred standing in a risky pos
ition because they perceived it to be more comfort
able. KE helped investigators understand the need for 
a better suspension system, which eventually allowed 
the drivers to work safely (Axelsson, Eklund, and 
Nagamachi 2001). Razza and Paschoarelli (2015) inves
tigated the consumers’ affective needs for the product 
of disposable razors using KE. Forty razor designs were 
evaluated in a virtual system by 321 adult men. Their 
factor analysis study presented no dominant correla
tions between the design features and the evaluator’s 
affective response. The authors suggested that such 
data complexity is more suitable to analyse using 
more powerful modelling techniques. 

Yanagisawa et al. (Yanagisawa, Miyazaki, and 
Bouchard 2017; Maki and Yanagisawa 2019) pre
sented a multisensory Kansei modelling method
ology to extract users’ product experience and study 
the cross-modal effect. A further study (Yanagisawa 
and Takatsuji 2015) investigated the impact of the 
product’s visual appearance on the perception of 
sound made by that product. Kobayashi and Takeda 
(2021) developed a product recommendation system 
based on KE. The new approach estimates the per
sonal favourite design style based on past choices 
and suggests other products with similar design fea
tures. Hashimoto, Yamada, and Nagata (2019) sug
gested a method for extracting Kansei product 

evaluation from online reviews. Its results were com
pared to a subjective evaluation of a selected collec
tion of wristwatches and proved effective, 
supporting the ideas suggested in Figure 4. The KE 
process is summarised as follows:   

1. Definition of the domain; includes the product 
features, the target consumer and the evalu
ation context. 

2. Selection of the affect adjectives; through elimin
ation (qualitative, quantitative), produce a list of 
low-level adjectives used for the evaluation. 

3. Creation of the design matrix; containing all pos
sible product properties with the most significant 
potential to impact the consumer’s Kansei. 

4. Collection of the design response data; by con
ducting the design evaluation and storing the sur
vey responses in a database. 

5. Analysing the data using statistical tools and map
ping the results. 

6. Validation and drawing conclusions. 

This procedure, however, is not the only 
approach to obtaining consumer product design 
response. We use the term ‘Kansei engineering’ here 
to describe the studies focussing on the reaction of 
consumers to a product design (Aydo�gan et al. 
2020) and the approaches that employ the consum
er’s PDR to serve further purposes, such as design 
features optimisation (Brum et al. 2021), customer 
grouping based on product design features 
(Kobayashi and Niwa 2018), PDR modelling (Shieh, 
Li, and Yang 2018) and design recommender sys
tems (Kobayashi and Takeda 2021). In what follows, 
we describe the major analytical and computational 
methods used for building such systems. 

7.2. Principle component analysis 

The Principle Component Analysis (PCA) (Pearson 
1901) is commonly used to find a lower-dimensional 
representation of the original dataset while retaining 
as much information as possible (Tang et al. 2022). 
It is also used to find correlations and simplify data 
visualisation. Aydo�gan et al. (2020) used PCA to 
determine the consumers’ general preferences. Tang 
et al. (2022) produced data visualisations based on 
PCA to study the cultural differences in product 
design and consumer evaluation. And Yang et al. 
(2021) used PCA to decompose online product 
evaluation reviews. It is generally defined by the fol
lowing process: 
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1. Calculate the covariance matrix C for the original 
dataset matrix D as follows: 

C ¼ covðDÞ (1) 

the size of D is n� p, with n being the number of 
data vectors and p the number of parameters. 

2. Extract the Eigenvectors U of the covariance 
matrix through the PCA operation: 

C ¼ U K UT (2)  

3. Reduce the model size by selecting a subset of 
the eigenvectors U’ with size l � p, with l < n:

4. Reconstruct the reduced data matrix D’ using 
the U’. 

Similar factor analysis methods are used in design 
research to simplify complex sets of design evaluation 
data (Dobriban 2020). The goal is to find the underlying 
variables, by searching for interdependencies between 
design evaluation variables (Deng and Wang 2019). 

7.3. Multidimensional scaling 

The multidimensional scaling (MDS) method helps us 
study the similarity between designs in terms of their 
inter-perception distances (Liu and Wu 2020). By creat
ing the multidimensional semantic map presenting 
similar items in the same proximities. This method is 
used in various data analytics fields (Borg and 
Groenen 2005), as well as in various product design 
studies, such as material aesthetics (Veelaert et al. 
2020) and shape design (Vlah and �Zavbi 2020). 

Metric MDS calculate the Euclidean distance 
between the elements of the design variables, while 
other distances can be considered. It is generally 
defined by the following process (Qiao et al. 2017):  

1. Create the n� p matrix of coordinates X repre
senting the position of each element n in their 
parameter dimensions p:

2. Calculate the distances between all elements of 
the same dimension. And create the n� n distan
ces matrix D, which is symmetrical, non-negative 
and hollow (Equation (4)). 

dij ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Xp

1

ðxi� xjÞ
2

v
u
u
t (3) 

D ¼

0 � � � d1p

..

.
0 ..

.

dp1 � � � 0

2

6
6
4

3

7
7
5 (4)  

3. Minimise the stress function using optimisation. 
The tress function can be calculated in various 

ways, Equation (5). Present the most commonly 
used equation. 

S Xð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPp
i 6¼ j¼ 1:n

ðdij � ||xi � xj||Þ
2

Pp
i 6¼ j¼ 1:n

ðdijÞ
2

v
u
u
u
t (5)  

The Metric MDS assumes that distances present a 
perfect representation of the similarity. To accept the 
complexity of the data, Non-metric MDS avoid the lin
earity assumption and use the ranking of the distances 
between points instead of the actual distances. By 
using a monotonic transformation function fðxÞ that 
represents the scaled proximities. Generally, a mono
tonic transformation function help transform a set of 
numbers into another set while preserving the order 
of the original set (Kruskal 1964). 

S Xð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPp
i 6¼ j¼ 1:n

ðdij � fðxÞÞ2

Pp
i 6¼ j¼ 1:n

ðdijÞ
2

v
u
u
u
t (6)  

7.4. Clustering methods 

There exist multiple clustering algorithms (Aggarwal 
and Reddy 2014). They are commonly used in scien
tific research and data analysis. And their task is to:  

a. Identify elements that belong to the same cat
egory/cluster in studies where the amount of cat
egories is known. 

b. Find the number of underlying categories in a 
dataset in studies where the number of categories 
is unknown. 

Hierarchical clustering algorithms are based on the 
idea that elements in the same proximity belong to 
the same group. So it finds the maximum distance 
between cluster members. And consider members 
outside this range as members of another cluster. 
However, the hierarchical algorithms do not split the 
dataset but instead create hierarchal clusters based 
on found distances. Variables of this algorithm con
sist of the method of computing the distances and 
the linkage criteria. The algorithm can start clustering 
from the top by considering that the dataset is one 
cluster and dividing it into smaller clusters based on 
the algorithm parameters. Or start from the bottom 
by considering every element unique (Murtagh and 
Contreras 2012). 

Statistical distribution clustering is based on the 
idea that cluster members are most likely in the same 
statistical distribution, such as the Gaussian 
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distribution (O’Hagan et al. 2016). On the other hand, 
density-based clustering methods use the idea that 
high-density areas separated by less dense areas most 
likely constitute a cluster of the same group members. 
Their technique is to find the borders of an area by 
ignoring isolated data points or by moving them to 
the nearest dance area (Kriegel et al. 2011). This idea 
is developed further by grid-based clustering algo
rithms, where they divide the data space into even 
cells and incrementally compare the densities of each 
cell to its neighbour. This method starts with small 
clusters and merges them based on their densities 
(Amini et al. 2011). 

K-means clustering methods focus on the idea that 
cluster members are distributed around the cluster 
centre. And its goal is to find the position of the 
centres for which the square distance to cluster mem
bers is minimum (Teknomo 2006). The K-means algo
rithm is an optimisation problem; therefore, it requires 
running multiple times with different starting points. 
Their biggest drawback is that they assume the num
ber of clusters is known (Kodinariya and Makwana 
2013). However, in product design studies based struc
tured method of response, the number of clusters is 
the number of study parameters. 

Qiao et al. (2017) suggested a method based on 
MDS and clustering for modular product design and 
compared the performance of the different clustering 
algorithms. Shieh and Yeh (2013) used cluster analysis 
to choose the right sets of attributes in the study of 
shoe design. Kuroda, Yoshikawa, and Furuhashi (2006) 
proposed a method for clustering customers based on 
their product impression resemblance. Yamamoto, 
Yoshikawa, and Furuhashi (2005) proposed a clustering 
technique for grouping customers based on the simi
larity in product design evaluation. Kobayashi and 
Niwa (2018) employed hierarchical clustering to group 
customers based on their decision rules similarities. 
The decision rules in this study derive from customer 
evaluations of existing products using the Rough 
Set method. 

7.5. Rough set analysis 

The Rough set (RS) methodology is a mathematical 
tool for extracting hidden patterns from a data set 
(Pawlak, Polkowski, and Skowron 2001). With the abil
ity to handle nonlinear patterns and the advantage of 
not requiring information besides the dataset. It con
siders the system S ¼ ðU, A, V , fÞ, with U being the 
finite non-empty set representing the data set. A is a 
collection of attributes. V stores the attributes values. 

And f is the function that links the attributes and the 
dataset. A is defined by the following expression: 

A ¼ C [ D, C \ D ¼ ; (7)  

Where C contains the conditional attributes, D con
tains the decision attributes. The process of rough set 
requires calculating the following approximations, 
BðXÞ and the BðXÞ, respectively, the upper approxima
tion set and the lower approximation set. The positive 
domain POSCðDÞ: And the core attributes CoreðCÞ:
The dependencies cCðDÞ and the importance 
degree rðC, DÞðaÞ expressed as follows: 

B Xð Þ ¼ xjx 2 U, BðxÞ � X
� �

(8) 

BðXÞ ¼ xjx 2 U, BðxÞ \ X 6¼ ;
� �

(9) 

POSc Dð Þ ¼ POSC � CqðDÞ (10) 

CoreðCÞ ¼ \ RedðCÞ (11)  

The lower approximation BðXÞ combines elements 
contained in the set. While the upper approx
imation BðXÞ combines all the elements that are in 
the non-intersection. The positive region POSc Dð Þ con
tains all the elements of the block U=D with q being a 
condition attribute. The CoreðCÞ is the set of attributes 
shared by all Reduction sets Red Cð Þ: The Reduction 
RedðCÞ contains the degrees of dependence between 
the condition attribute C and decision attribute D:

The goal is to find the subsets containing minimum 
attributes, with the Core being the intersection of all 
subsets of minimum attributes. We calculate the indis
pensability of a condition attribute a by comparing 
the dependencies cC with and without it. r C, Dð Þ að Þ cal
culates the importance of this attribute (Pawlak et al. 
1995). 

cC Dð Þ ¼
POSc Dð Þ
�
�

�
�

Uj j
(12) 

r C, Dð Þ að Þ ¼
cC Dð Þ � cC � af gðDÞ

cC Dð Þ
(13)  

RS is useful for feature extraction, dimensionality 
reduction and decision rule generation. Ito and 
Yamashita (2014) employed the Rough Set method to 
analyse mascot design impression and its influence on 
design evaluation. Kang (2020) used the RS method to 
determine the core aesthetic qualities of a product 
design and their importance degrees. The new syn
thetic designs respect each group’s decision rule. In 
the method suggested by Shieh, Yeh, and Huang 
(2016), RS is used to study the relationship between 
product shape design, its colour and the effect on 
consumer perception. Regression and soft computing- 
based modelling 
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7.6. Regression and soft computing- 
based modelling 

Multiple linear regression methods are widely used in 
design research, particularly KE research. They help 
model the relationship between the design features 
and the consumer Kansei through the following equa
tion: 

y ¼ aþ b1x1 þ . . .þ bnxn þ e (14) 

y is the response, x1, … ,xn are the predictor varia
bles, and a, b1, … ,bn are regression coefficients, gen
erally estimated by the least square method, with e 

being the error (Xiong et al. 2016). 
Nonlinear regression methods can solve complex 

design studies. The Support Vector Regression 
approach (SVR) (Li, Shieh, and Yang 2019) is an exten
sion of the popular Support Vector Machine (SVM) 
approach (Noble 2006). SVR constructs a linear model 
fðx, xÞ in the high dimensional features space, repre
senting the variable distribution mapped with the 
help of a kernel function, like the Radial Basis 
Functions or Sigmoid functions. 

f x, xð Þ ¼
Xp

j¼1

xjgj xð Þ þ b (15) 

xj, b are the coefficients of the nonlinear trans
formations g xð Þ, j ¼ 1, . . . , p: SVR performs linear 
regression in the features space using e-insensitive 
loss while minimising |x|2 (reducing the model com
plexity). The loss function is expressed by: 

Le y, f x, xð Þ
� �

¼
0 if y � f x, xð Þ

�
�

�
� � e

y � f x, xð Þ
�
�

�
�� e other wise

(

(16)  

SVR use the principle of structural risk minimisation, 
where the empirical risk is expressed as follows: 

R xð Þ ¼
1
n

Xn

j¼1

Le y, f x, xð Þ
� �

(17)  

Considering ni, n�i I ¼ 1, . . . , n are the measure
ments of training samples deviation outside the 
e-insensitive region. The minimisation problem can be 
expressed as follows (Wang 2011): 

Min
1
n

||x||2
þ C

Xn

j¼1

ni þ n�i
� �

for
yi � f xi, xð Þ � eþ n�i
f xi, xð Þ� yi � eþ ni
ni, n�i � 0 i ¼ 1, . . . , n

8
<

:

(18)  

Soft computing refers to complex and flexible sys
tems built to represent real applications (Ibrahim 
2016), such as systems design problems (Benaissa 
et al. 2018a, 2018b; Benaissa, K€oppen, and Yoshida 
2018), engineering design problems (Al Ali and 

Shimoda 2022a, 2022b), product design problems and 
modelling the product design response evaluation 
relationship (Shen and Wang 2016; Yeh 2020), where 
the Artificial Neural Networks (ANN) and optimisation 
algorithms have known wide development (Ruder 
2016; Abdel-Basset, Abdel-Fatah, and Sangaiah 2018). 

The fuzzy theory allows interpreting the uncertainty 
and vagueness of consumer choices in a mathematical 
form. It was found suitable for solving PDR problems. 
Hotta and Hagiwara (2006) suggested a method for 
personal response modelling by adjusting group 
Kansei model rules to fit personal design response 
data; this is achieved using a set of fuzzy rules. Shen 
and Wang (2016) suggested a creative thinking pro
cess to design a product that matches customers’ 
preferences based on fuzzy theorem and ANN. Kang 
(2020) employed the Fuzzy theory with the ‘Quality 
function deployment’ method to associate the cus
tomer aesthetic qualities with product design charac
teristics. Dong et al. (2021) addressed the topic of 
individual Kansei variance, suggesting a method based 
on fuzzy clustering and basic-emotion systems to 
transform the Kansei words into multisensory 
design elements. 

Metaheuristic optimisation algorithms have wide
spread use in various research fields due to their abil
ity to solve challenging problems (Benaissa et al. 2021; 
Al Thobiani et al. 2022; Benaissa et al. 2016). Product 
design studies also employ these algorithms in prob
lems such as product form and attribute optimisation 
(Brum et al. 2021). Moreover, multi-objective optimisa
tion algorithms helped understand the association 
rules between product design and consumer response 
(Xue, Desmet, and Fokkinga 2020) and find the opti
mal design response for a group of diverse consumers 
(Jiang, Chen, and Zhang 2019). 

7.7. Forward and backward Kansei engineering 

The modelling applications focus on mapping the con
nection between design features and consumer per
ception. Modelling-based studies build mathematical 
predictive models that help predict design features 
corresponding to a specific perception (Forward), as 
well as the consumer perception corresponding to a 
design feature (Backward). It also allows estimating 
the perception of particular design features or combi
nations of design features. 

An example of this type of research is presented by 
Xiong et al. (2016), considering the application of 
mobile phone design. The approach first collected 
user perceptions from 40 participants about 32 mobile 
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phone designs. Then construct a model based on 
Support Vector Regression (SVR) and Gaussian Radial 
Basis Function (RBF) to predict the users’ perceptions 
of new designs. Shieh et al. also used the SVR method 
(Shieh, Li, and Yang 2018) combined with a multi- 
objective evolutionary algorithm for forward and back
ward modelling. Through their case study of vase 
design, they showed that clustering Pareto front solu
tions could suggest creative design ideas. 

Chang and Chen (2016) investigated the affective 
design elements of a car steering wheel, considering 
the aesthetic and ergonomic factors. Linear regression 
models were built to compare the consumer percep
tion of individual components and the perception of 
the product as a whole. Akg€ul et al. (2021) presented 
an approach for forward and backward modelling 
based on the Genetic Algorithm and Fuzzy linguistic 
summarisation. In their case study, a cradle design 
was considered. In the backward model, the product 
design is input for one adjective as output. While In 
the forward model, one adjective is designated as the 
input corresponding to a complete design with a com
bination of eight variables. 

A product design cannot be easily changed to sat
isfy the preference of a diverse customer base. 
Advanced models allow studying higher-level con
sumer response diversity and investigating design fea
tures that unify consumer perception to maximise 
customer satisfaction. Yamagishi, Seki, and Nishimura 
(2018) presented an approach based on multiple 
regression analysis and hierarchical clustering for cus
tomer preference clustering. The most important 
design factors are selected based on the evaluation of 
each consumer cluster. And finally, find the design fea
ture corresponding to the highest sensitivity in all con
sumer clusters. Kobayashi (2020) developed a method 
based on multi-objective optimisation to combine the 
design features that receive maximum unified cus
tomer perception, as intended by the designer. The 
Genetic algorithm solves two fitness functions, one for 
minimising the variation of customer perception and 
the other for maximising a specific perception. 

7.8. AI in product design response studies 

The rapid advances in machine learning and optimisa
tion methods (Pouyanfar et al. 2019) plus the expan
sion of accessibility to big data (Roh, Heo, and Whang 
2019) have led to the wide development of Artificial 
Intelligence (AI) applications in almost every domain. 
AI consumer for product design evaluation is an idea 

that several researchers are working on, we list below 
the most important axes of research. 

In the axis of studying the profound connections 
between product design features and consumers’ 
responses; Wu et al. (2020) laid out the latest research 
and challenges in automatic aesthetic design evalu
ation using deep learning. Wang, Mo, and Tseng 
(2018) suggested a framework for mapping the con
sumer needs to design parameters using deep learn
ing. McCormack and Lomas (2021) studied the 
aesthetic evaluation using the Convolutional Neural 
Networks (CNN), trained on personal prior aesthetic 
evaluations. Zhou et al. (2020) suggested a machine 
learning method for analysing the consumers’ design 
needs. Kobayashi, Fujita, and Wada (2022) proposed a 
method for associating the consumers’ feedback to 
specific design features, using Gradient-weighted Class 
Activation Mapping (Grad-CAM) and CNN. 

In the axis of simulating the consumers’ response to 
product design; Pan et al. (2017) introduced a deep 
learning approach based on the Siamese network of con
ditional GANs to predict the perception of different con
sumers of the product design aesthetics and visualise the 
corresponding design features. Dong et al. (2021) sug
gested a fuzzy mapping method for modelling individual 
consumer affective needs. Zhou et al. (2021) presented 
an approach that allows design aesthetics evaluation 
using CNN and aesthetic design generation using 
Generation Adversarial Network (GAN) with the help of 
manual sketching, thus reducing the investigative efforts. 
Yanagisawa, Nakano, and Murakami (2017) proposed a 
database framework with embedded functions to esti
mate the product design’s emotional responses. 

And finally, in the axis of consumer-centred auto
matic design optimisation, Kang et al. (2019) pre
sented an approach for real-time product form design 
interweaved with consumer preferences using the 
SVM method. Burnap, Hauser, and Timoshenko (2021) 
proposed an automatic aesthetic design approach 
using GAN models of consumer design evaluation. 
Their application to car design showed that such an 
algorithm can suggest innovative design variations 
within the consumers’ preferences. 

8. Conclusion 

Product design has reached an unprecedented level of 
sophistication; companies now understand that design 
is not only an issue of aesthetics and ergonomics but 
also an instrument to create complex consumer affect. 
Research has shown that such an affect exists and 
developed a broad understanding, both from the 
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product design and human response sides. Vast pro
gress has also been made in measuring and analysing 
detailed consumer perceptions of product design. 

Research has shown that we share some basic 
design preferences. For example, aesthetically, we like 
symmetry, curvature and complexity. We also tend to 
prefer design features that look familiar. And we 
highly value products after touching them or when 
they feel relatively heavier. 

Measuring the real design response is challenging 
because some factors can influence the design evalu
ation, such as the environment of the product and the 
consumer mood at the moment of assessment. Also, 
how the product is evaluated can trigger one of the 
multiple potential cognitive biases. Researchers are 
required to pay extra attention to these biases, Low- 
level affect adjectives remain to be an efficient 
method for measuring the actual consumer’s response 
to product design. 

Several approaches have been created to analyse 
the product design response. We presented the com
monly used methods and discussed their utility in cur
rent research. And discussed the current understanding 
of the connection between product design features 
and their corresponding affective responses, the tools 
allowing design researchers to produce new designs 
based on consumer design response models. 

The Research has shown that there exist consider
able individual differences. Recent research highlight 
that such differences can be linked to prior personal 
exposure to a design style and the personality scores 
in openness to experiences. Precision design studies 
are required to consider these individual differences. 
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Façades Using Cognitive Science Methods.” Symmetry 12 
(9): 1438. doi:10.3390/sym12091438. 

Bacciotti, D., Y. Borgianni, G. Cascini, and F. Rotini. 2016. 
“Product Planning Techniques: Investigating the 
Differences between Research Trajectories and Industry 
Expectations.” Research in Engineering Design 27 (4): 
367–389. doi:10.1007/s00163-016-0223-6. 

Bagozzi, R.P., M. Gopinath, and P.U. Nyer. 1999. “The Role of 
Emotions in Marketing.” Journal of the Academy of 
Marketing Science 27 (2): 184–206. doi:10.1177/ 
0092070399272005. 

Barnes, C., T. Childs, B. Henson, and S. Lillford. 2008. “Kansei 
Engineering Toolkit for the Packaging Industry.” The TQM 
Journal 20: 372–388. 

Bartolome, J.I., G. Cho, and J.-D. Cho. 2021. “Multi-sensory 
Color Expression with Sound and Temperature in Visual 
Arts Appreciation for People with Visual Impairment.” 
Electronics 10 (11): 1336. doi:10.3390/electronics10111336. 

Batra, R., and O.T. Ahtola. 1991. “Measuring the Hedonic and 
Utilitarian Sources of Consumer Attitudes.” Marketing 
Letters 2 (2): 159–170. doi:10.1007/BF00436035. 

Bauerly, M., and Y. Liu. 2008. “Effects of Symmetry and 
Number of Compositional Elements on Interface and 
Design Aesthetics.” International Journal of Human- 
Computer Interaction 24 (3): 275–287. doi:10.1080/ 
10447310801920508. 

Belboula, I., C.-L. Ackermann, J.-P. Mathieu, and C. Cuny. 
2019. “Consumers’ Responses to Product Design: Using a 
Semantic Priming Task to Assess Automatic 
Understanding of Product Positioning.” International 
Journal of Market Research 61 (2): 140–156. doi:10.1177/ 
1470785318777429. 

Benaissa, Brahim, Nourredine Aït Hocine, Idir Belaidi, 
Abderrachid Hamrani, and Valeria Pettarin. 2016. “Crack 
Identification Using Model Reduction Based on Proper 
Orthogonal Decomposition Coupled with Radial Basis 

Functions.” Structural and Multidisciplinary Optimization 54 
(2): 265–274. doi:10.1007/s00158-016-1400-y. 

Benaissa, Brahim, Nourredine Aït Hocine, Samir Khatir, 
Mohamed Kamel Riahi, and Seyedali Mirjalili. 2021. “YUKI 
Algorithm and POD-RBF for Elastostatic and Dynamic 
Crack Identification.” Journal of Computational Science 55: 
101451. doi:10.1016/j.jocs.2021.101451. 

Benaissa, B., F. Hendrichovsky, K. Yishida, M. Koppen, and P. 
Sincak. 2018a. “Phone Application for Indoor Localization 
Based on Ble Signal Fingerprint.” In 2018 9th IFIP 
International Conference on New Technologies, Mobility and 
Security (NTMS), 1–5. USA: IEEE Xplore. doi:10.1109/NTMS. 
2018.8328729. 

Benaissa, B., M. K€oppen, and K. Yoshida. 2018. “Activity and 
Emotion Recognition for Elderly Health Monitoring.” 
International Journal of Affective Engineering 17 (2): 81–88. 
doi:10.5057/ijae.IJAE-D-17-00020. 

Benaissa, B., K. Yoshida, M. K€oppen, and F. Hendrichovsky. 
2018b. “Updatable Indoor Localization Based on BLE 
Signal Fingerprint.” In 2018 International Conference on 
Applied Smart Systems (ICASS), 1–6. USA: IEEE Xplore. doi: 
10.1109/ICASS.2018.8652035. 

Berlyne, D.E. 1973. “Aesthetics and Psychobiology.” Journal 
of Aesthetics and Art Criticism 31: 205–211. 

Berlyne, D.E. 1974. Studies in the New Experimental Aesthetics: 
Steps toward an Objective Psychology of Aesthetic 
Appreciation. Washington, DC: American Psychological 
Association. 

Blijlevens, J., M.E.H. Creusen, and J.P.L. Schoormans. 2009. 
“How Consumers Perceive Product Appearance: The 
Identification of Three Product Appearance Attributes.” 
International Journal of Design 3: 27–35. 

Bloch, P.H. 1995. “Seeking the Ideal Form: Product Design 
and Consumer Response.” Journal of Marketing 59 (3): 
16–29. doi:10.2307/1252116. 

Bloch, P.H., F.F. Brunel, and T.J. Arnold. 2003. “Individual 
Differences in the Centrality of Visual Product Aesthetics: 
Concept and Measurement.” Journal of Consumer Research 
29 (4): 551–565. doi:10.1086/346250. 

Borg, I., and P.J.F. Groenen. 2005. Modern Multidimensional 
Scaling: Theory and Applications. Germany: Springer 
Science & Business Media. 

Bovea, Mar�ıa, Valeria Ib�a~nez-For�es, Victoria P�erez-Belis, Pablo 
Juan, Marta Braulio-Gonzalo, and Carlos D�ıaz-�Avalos. 2018. 
“Incorporation of Circular Aspects into Product Design 
and Labelling: Consumer Preferences.” Sustainability 
10 (7): 2311. doi:10.3390/su10072311. 

Brum, T.C., M.M. Borges, A.C. de Castro Lemonge, and L.G. 
Marujo. 2021. “Genetic Algorithm Applied to Packaging 
Shape Models Using Sustainability Criteria.” In 
International Joint Conference on Industrial Engineering and 
Operations Management, edited by Z. Anisic, B. Lalic, and 
D. Gracanin, 545–558. Germany: Springer. 

Brunner, C.B., S. Ullrich, P. Jungen, and F.-R. Esch. 2016. 
“Impact of Symbolic Product Design on Brand 
Evaluations.” Journal of Product & Brand Management 
25 (3): 307–320. doi:10.1108/JPBM-06-2015-0896. 

Budner, S. 1962. “Intolerance of Ambiguity as a Personality 
Variable 1.” Journal of Personality 30: 29–50. doi:10.1111/j. 
1467-6494.1962.tb02303.x. 

ERGONOMICS 811 

https://doi.org/10.1016/j.jrp.2017.03.005
https://doi.org/10.3390/sym12091438
https://doi.org/10.1007/s00163-016-0223-6
https://doi.org/10.1177/0092070399272005
https://doi.org/10.1177/0092070399272005
https://doi.org/10.3390/electronics10111336
https://doi.org/10.1007/BF00436035
https://doi.org/10.1080/10447310801920508
https://doi.org/10.1080/10447310801920508
https://doi.org/10.1177/1470785318777429
https://doi.org/10.1177/1470785318777429
https://doi.org/10.1007/s00158-016-1400-y
https://doi.org/10.1016/j.jocs.2021.101451
https://doi.org/10.1109/NTMS.2018.8328729
https://doi.org/10.1109/NTMS.2018.8328729
https://doi.org/10.5057/ijae.IJAE-D-17-00020
https://doi.org/10.1109/ICASS.2018.8652035
https://doi.org/10.2307/1252116
https://doi.org/10.1086/346250
https://doi.org/10.3390/su10072311
https://doi.org/10.1108/JPBM-06-2015-0896
https://doi.org/10.1111/j.1467-6494.1962.tb02303.x
https://doi.org/10.1111/j.1467-6494.1962.tb02303.x


Burnap, A., J.R. Hauser, and A. Timoshenko. 2021. Design and 
Evaluation of Product Aesthetics: A Human-machine Hybrid 
Approach. USA: Cornell university arxiv. 

Bushong, B., L.M. King, C.F. Camerer, and A. Rangel. 2010. 
“Pavlovian Processes in Consumer Choice: The Physical 
Presence of a Good Increases Willingness-to-Pay.” 
American Economic Review 100 (4): 1556–1571. doi:10. 
1257/aer.100.4.1556. 

Candi, M., H. Jae, S. Makarem, and M. Mohan. 2017. 
“Consumer Responses to Functional, Aesthetic and 
Symbolic Product Design in Online Reviews.” Journal of 
Business Research 81: 31–39. doi:10.1016/j.jbusres.2017.08. 
006. 

Carbon, C.-C. 2010. “The Cycle of Preference: Long-term 
Dynamics of Aesthetic Appreciation.” Acta Psychologica 
134 (2): 233–244. doi:10.1016/j.actpsy.2010.02.004. 

Carbon, C.-C. 2019. “Psychology of Design.” Design Science 5: 
1–18. 

Cela-Conde, Camilo J., Gis�ele Marty, Fernando Maest�u, 
Tom�as Ortiz, Enric Munar, Alberto Fern�andez, Miquel 
Roca, Jaume Rossell�o, and Felipe Quesney. 2004. 
“Activation of the Prefrontal Cortex in the Human Visual 
Aesthetic Perception.” Proceedings of the National 
Academy of Sciences of the United States of America 101 
(16): 6321–6325. doi:10.1073/pnas.0401427101. 

Chai, C., D. Bao, L. Sun, and Y. Cao. 2015. “The Relative 
Effects of Different Dimensions of Traditional Cultural 
Elements on Customer Product Satisfaction.” International 
Journal of Industrial Ergonomics 48: 77–88. doi:10.1016/j. 
ergon.2015.04.001. 

Chang, Y.-M., and C.-W. Chen. 2016. “Kansei Assessment of 
the Constituent Elements and the Overall Interrelations in 
Car Steering Wheel Design.” International Journal of 
Industrial Ergonomics 56: 97–105. doi:10.1016/j.ergon.2016. 
09.010. 

Chen, D., P. Cheng, S. Simatrang, and E. Joneurairatana. 
2021. “Kansei Engineering as a Tool for the Design of 
Traditional Pattern.” Autex Research Journal 21 (1): 
125–134. doi:10.2478/aut-2019-0052. 

Chen, K.-H., C.-C. Liang, and Y.-H. Lee. 2019. “Design Criteria 
for Kansei-oriented Elderly Products.” In International 
Conference on Human-computer Interaction, edited by M. 
Kurosu, 404–413. Germany: Springer. 

Chen, Mo., Georges Fadel, Chengqi Xue, Haiyan Wang, Ivan 
Mata, and Yunfei Chen. 2017. “Evaluating the Cognitive 
Process of Color Affordance and Attractiveness Based on 
the ERP.” International Journal on Interactive Design and 
Manufacturing (IJIDeM) 11 (3): 471–479. doi:10.1007/ 
s12008-015-0286-z. 

Chen, S. 2019. “Product Design Research: A Review.” In The 
Design Imperative, 37–54. Cham: Palgrave Macmillan. 

Cheung, M.-C., D. Law, J. Yip, and C.W.Y. Wong. 2019. 
“Emotional Responses to Visual Art and Commercial Stimuli: 
Implications for Creativity and Aesthetics.” Frontiers in 
Psychology 10: 14. doi:10.3389/fpsyg.2019.00014. 

Chew, L.H., J. Teo, and J. Mountstephens. 2016. “Aesthetic 
Preference Recognition of 3D Shapes Using EEG.” 
Cognitive Neurodynamics 10 (2): 165–173. doi:10.1007/ 
s11571-015-9363-z. 

Child, I.L. 1964. “Observations on the Meaning of Some 
Measures of Esthetic Sensitivity.” The Journal of Psychology 
57: 49–64. doi:10.1080/00223980.1964.9916671. 

Chitturi, R. 2009. “Emotions by Design: A Consumer 
Perspective.” International Journal of Design 3: 7–17. 

Choi, J. 2021. “Material Selection: Exploring the Reliability of 
Material Perception Data and Its Relevance to Materials.” 
Metals and Materials International 27 (6): 1599–1604. doi: 
10.1007/s12540-019-00574-y. 

Christensen, A.P., K.N. Cotter, and P.J. Silvia. 2019. 
“Reopening Openness to Experience: A Network Analysis 
of Four Openness to Experience Inventories.” Journal of 
Personality Assessment 101 (6): 574–588. doi:10.1080/ 
00223891.2018.1467428. 

Christopoulos, G.I., M.A. Uy, and W.J. Yap. 2019. “The Body 
and the Brain: Measuring Skin Conductance Responses to 
Understand the Emotional Experience.” Organizational 
Research Methods 22 (1): 394–420. doi:10.1177/ 
1094428116681073. 

Corradi, Guido, Erick G. Chuquichambi, Juan Ram�on Barrada, 
Ana Clemente, and Marcos Nadal. 2020. “A New 
Conception of Visual Aesthetic Sensitivity.” British Journal 
of Psychology 111 (4): 630–658. doi:10.1111/bjop.12427. 

Corradi, Guido, Manuel Belman, Tommaso Curr�o, Erick G. 
Chuquichambi, Carlos Rey, and Marcos Nadal. 2019. 
“Aesthetic Sensitivity to Curvature in Real Objects and 
Abstract Designs.” Acta Psychologica 197: 124–130. doi:10. 
1016/j.actpsy.2019.05.012. 

Creusen, M.E.H. 2011. “Research Opportunities Related to 
Consumer Response to Product Design.” Journal of 
Product Innovation Management 28 (3): 405–408. doi:10. 
1111/j.1540-5885.2011.00812.x. 

Dal Pal�u, Doriana, Eleonora Buiatti, Giuseppina Emma Puglisi, 
Olivier Houix, Patrick Susini, Claudia De Giorgi, and 
Arianna Astolfi. 2017. “The Use of Semantic Differential 
Scales in Listening Tests: A Comparison between Context 
and Laboratory Test Conditions for the Rolling Sounds of 
Office Chairs.” Applied Acoustics 127: 270–283. doi:10.1016/ 
j.apacoust.2017.06.016. 

David, G.C. 2005. “Ergonomic Methods for Assessing 
Exposure to Risk Factors for Work-related Musculoskeletal 
Disorders.” Occupational Medicine 55 (3): 190–199. doi:10. 
1093/occmed/kqi082. 

de Bont, C.J.P.M., J.P.L. Schoormans, and M.T.T. Wessel. 1992. 
“Consumer Personality and the Acceptance of Product 
Design.” Design Studies 13 (2): 200–208. doi:10.1016/0142- 
694X(92)90286-J. 

Deininger, Michael, Shanna R. Daly, Jennifer C. Lee, 
Colleen M. Seifert, and Kathleen H. Sienko. 2019. 
“Prototyping for Context: Exploring Stakeholder Feedback 
Based on Prototype Type, Stakeholder Group and 
Question Type.” Research in Engineering Design 30 (4): 
453–471. doi:10.1007/s00163-019-00317-5. 

Demirbilek, O., and B. Sener. 2003. “Product Design, 
Semantics and Emotional Response.” Ergonomics 46 (13- 
14): 1346–1360. doi:10.1080/00140130310001610874. 

Deng, L., and G. Wang. 2019. “Application of EEG and Interactive 
Evolutionary Design Method in Cultural and Creative Product 
Design.” Computational Intelligence and Neuroscience 2019: 
1–16. doi:10.1155/2019/1860921. 

Desmet, P. 2003. “A Multilayered Model of Product 
Emotions.” The Design Journal 6 (2): 4–13. doi:10.2752/ 
146069203789355480. 

Desmet, P. 2003. “Measuring Emotion: Development and 
Application of an Instrument to Measure Emotional 

812 B. BENAISSA AND M. KOBAYASHI 

https://doi.org/10.1257/aer.100.4.1556
https://doi.org/10.1257/aer.100.4.1556
https://doi.org/10.1016/j.jbusres.2017.08.006
https://doi.org/10.1016/j.jbusres.2017.08.006
https://doi.org/10.1016/j.actpsy.2010.02.004
https://doi.org/10.1073/pnas.0401427101
https://doi.org/10.1016/j.ergon.2015.04.001
https://doi.org/10.1016/j.ergon.2015.04.001
https://doi.org/10.1016/j.ergon.2016.09.010
https://doi.org/10.1016/j.ergon.2016.09.010
https://doi.org/10.2478/aut-2019-0052
https://doi.org/10.1007/s12008-015-0286-z
https://doi.org/10.1007/s12008-015-0286-z
https://doi.org/10.3389/fpsyg.2019.00014
https://doi.org/10.1007/s11571-015-9363-z
https://doi.org/10.1007/s11571-015-9363-z
https://doi.org/10.1080/00223980.1964.9916671
https://doi.org/10.1007/s12540-019-00574-y
https://doi.org/10.1080/00223891.2018.1467428
https://doi.org/10.1080/00223891.2018.1467428
https://doi.org/10.1177/1094428116681073
https://doi.org/10.1177/1094428116681073
https://doi.org/10.1111/bjop.12427
https://doi.org/10.1016/j.actpsy.2019.05.012
https://doi.org/10.1016/j.actpsy.2019.05.012
https://doi.org/10.1111/j.1540-5885.2011.00812.x
https://doi.org/10.1111/j.1540-5885.2011.00812.x
https://doi.org/10.1016/j.apacoust.2017.06.016
https://doi.org/10.1016/j.apacoust.2017.06.016
https://doi.org/10.1093/occmed/kqi082
https://doi.org/10.1093/occmed/kqi082
https://doi.org/10.1016/0142-694X(92)90286-J
https://doi.org/10.1016/0142-694X(92)90286-J
https://doi.org/10.1007/s00163-019-00317-5
https://doi.org/10.1080/00140130310001610874
https://doi.org/10.1155/2019/1860921
https://doi.org/10.2752/146069203789355480
https://doi.org/10.2752/146069203789355480


Responses to Products.” In Funology, edited by M.A. 
Blythe and A.F. Monk, 111–123. Germany: Springer. 

Desmet, P. 2004. “A Basic Typology of Product Emotions.” City 
4: 1–12. 

Desmet, P. 2018. “Measuring Emotion: Development and 
Application of an Instrument to Measure Emotional 
Responses to Products.” In Funology 2, edited by M.A. 
Blythe and A.F. Monk, 391–404. Germany: Springer. 

DeYoung, C.G. 2015. Openness/Intellect: A. Dimension of 
Personality Reflecting Cognitive Exploration. Washington, 
DC: American Psychological Association. 

Dianat, I., J. Molenbroek, and H.I. Castellucci. 2018. “A Review 
of the Methodology and Applications of Anthropometry in 
Ergonomics and Product Design.” Ergonomics 61 (12): 
1696–1720. doi:10.1080/00140139.2018.1502817. 

Ding, M., Y. Cheng, J. Zhang, and G. Du. 2021. “Product 
Color Emotional Design Based on a Convolutional Neural 
Network and Search Neural Network.” Color Research & 
Application 46 (6): 1332–1346. doi:10.1002/col.22668. 

Djamasbi, S., D.M. Strong, and M. Dishaw. 2010. “Affect and 
Acceptance: Examining the Effects of Positive Mood on 
the Technology Acceptance Model.” Decision Support 
Systems 48 (2): 383–394. doi:10.1016/j.dss.2009.10.002. 

Dobriban, E. 2020. “Permutation Methods for Factor Analysis 
and PCA.” Annals of Statistics 48: 2824–2847. 

Dong, Yuanfa, Rongzhen Zhu, Wei Peng, Qihua Tian, Gang 
Guo, and Wenrong Liu. 2021. “A Fuzzy Mapping Method 
for Kansei Needs Interpretation considering the Individual 
Kansei Variance.” Research in Engineering Design 32 (2): 
175–187. doi:10.1007/s00163-021-00359-8. 

Donnelly, J.H., M.J. Etzel, and S. Roeth. 1973. “The 
Relationship between Consumers’ Category Width and 
Trial of New Products.” Journal of Applied Psychology 
57 (3): 335–338. doi:10.1037/h0034703. 

Erlmann, V. 1998. “How Beautiful Is Small? Music, 
Globalization and the Aesthetics of the Local.” Yearbook 
for Traditional Music 30: 12–21. doi:10.2307/768551. 

Estrada, C.A., A.M. Isen, and M.J. Young. 1997. “Positive Affect 
Facilitates Integration of Information and Decreases 
Anchoring in Reasoning among Physicians.” Organizational 
Behavior and Human Decision Processes 72 (1): 117–135. doi: 
10.1006/obhd.1997.2734. 

Eysenck, H.J. 1940. “The General Factor in Aesthetic 
Judgements 1.” British Journal of Psychology General Section 
31 (1): 94–102. doi:10.1111/j.2044-8295.1940.tb00977.x. 

Eysenck, H.J. 1972. “Personal Preferences, Aesthetic 
Sensitivity and Personality in Trained and Untrained 
Subjects.” Journal of Persanlity 4: 544–557. 

Feng, Yixiong, Yuliang Zhao, Hao Zheng, Zhiwu Li, and 
Jianrong Tan. 2020. “Data-driven Product Design toward 
Intelligent Manufacturing: A Review.” International Journal 
of Advanced Robotic Systems 17 (2): 172988142091125. 
doi:10.1177/1729881420911257. 

Fenko, A., and T.J.L. van Rompay. 2018. “Consumer-driven 
Product Design.” In Methods in Consumer Research, edited 
by G.A.P. Varela, Volume 2, 427–462. Netherlands: Elsevier. 

Fillinger, M.G. 2020. “Effects of Perceptual Balance on 
Aesthetic Appreciation” Doctoral dissertation. University of 
Konstanz. 

Fingerhut, J., and J.J. Prinz. 2020. “Aesthetic Emotions 
Reconsidered.” The Monist 103 (2): 223–239. doi:10.1093/ 
monist/onz037. 

Franke, N., M. Schreier, and U. Kaiser. 2010. “The “I Designed 
It Myself” Effect in Mass Customization.” Management 
Science 56 (1): 125–140. doi:10.1287/mnsc.1090.1077. 

Frijda, N.H. 1986. The Emotions. USA: Cambridge University 
Press. 

Fujiwara, K., and S. Nagasawa. 2015a. “Analysis of 
Psychological Factors That Influence Preference for Luxury 
Food and Car Brands Targeting Japanese People.” 
American Journal of Industrial and Business Management 
05 (09): 590–600. doi:10.4236/ajibm.2015.59059. 

Fujiwara, K., and S. Nagasawa. 2015b. “Relationships among 
Purchase Intentions for Luxury Brands and Personality 
Traits Based on the Big Five.” American Journal of 
Industrial and Business Management 05 (11): 631–639. doi: 
10.4236/ajibm.2015.511063. 

Gan, Y., and Y. Hirai. 2017. “Culture Reference Product 
Design–Case Study of Hans J. Wegner China Chair 
Design.” Culture 59: 30–41. 

Garc�ıa, F.M., Z.G. Estupi~nan, and J.C. Olarte. 2017. “Comfort 
Testing in Office Chair Design.” Revista UIS Ingenierias 16: 
69–74. 

Gilal, F.G., J. Zhang, N.G. Gilal, and R.G. Gilal. 2018. 
“Integrating Self-determined Needs into the Relationship 
among Product Design, Willingness-to-Pay a Premium, 
and Word-of-Mouth: A Cross-cultural Gender-specific 
Study.” Psychology Research and Behavior Management 11: 
227–241. doi:10.2147/PRBM.S161269. 

G�omez-Puerto, Gerardo, Jaume Rossell�o, Guido Corradi, 
Cristina Acedo-Carmona, Enric Munar, and Marcos Nadal. 
2018. “Preference for Curved Contours across Cultures.” 
Psychology of Aesthetics, Creativity, and the Arts 12 (4): 
432–439. doi:10.1037/aca0000135. 

G€otz, K.O., R. Lynn, A.R. Borisy, and H.J. Eysenck. 1979. “A 
New Visual Aesthetic Sensitivity Test: I. Construction and 
Psychometric Properties.” Perceptual and Motor Skills 49 
(3): 795–802. doi:10.2466/pms.1979.49.3.795. 

Greenberg, Daria, Elena Ehrensperger, Michael Schulte- 
Mecklenbeck, Wayne D. Hoyer, Z. John Zhang, and Harley 
Krohmer. 2020. “The Role of Brand Prominence and 
Extravagance of Product Design in Luxury Brand Building: 
What Drives Consumers’ Preferences for Loud versus 
Quiet Luxury?” Journal of Brand Management 27 (2): 
195–210. doi:10.1057/s41262-019-00175-5. 
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